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SELECTING A TRAINING STRATEGY FOR
TRAINING A MACHINE LEARNING MODEL

CROSS REFERENCE TO RELATED
APPLICATIONS

This application is a non-provisional of and claims pri-
ority to U.S. Provisional Patent Application No. 61/691,261,
filed on Aug. 20, 2012, the entire contents of which are
hereby incorporated by reference.

BACKGROUND

This specification relates to training machine learning
models.

Machine learning models receive input and generate an
output based on the received input and on values of the
parameters of the model. A machine learning model training
system may train a machine learning model to determine
values of the model parameters by finding a minimum or a
maximum of a cost function of parameters of the model.

SUMMARY

This specification relates to training machine learning
models.

Particular embodiments of the subject matter described in
this specification can be implemented so as to realize one or
more of the following advantages. The time required to train
a predictive model on a large dataset, whether streaming or
static, can be greatly reduced. The amount of data necessary
to be transmitted, e.g., over a network, to the computer or
computers of a server to train the predictive model on the
large dataset can be greatly decreased. Input data that would
otherwise cause instability in a model training process can
be modified to improve stability of the process. The quality
of the output of the trained predictive model can be
improved. The amount of time required to re-train a previ-
ously trained predictive model, e.g., when a change in the
input data has caused the model to perform unsatisfactorily,
can be greatly reduced.

A predictive model trained as described in this specifica-
tion may be used to predict a number of different types of
outputs, depending on what the input features and vectors
represent.

For example, the predictive model could be used to
generate financial product trade price or direction predic-
tions, i.e., predicting the next trade price of particular
financial product, or whether the next trade of a particular
product likely to be at a higher price, or at a lower price, than
the most recent trade.

As another example, the predictive model could be used
to generate fraud or anomaly predictions for credit card
transactions, or for debit card transactions, i.e., predicting
the likelihood that a particular transaction is fraudulent or
otherwise anomalous.

As another example, the predictive model could be used
to generate fraud or anomaly predictions for claims data for
any type of financial claims processing, i.e., predicting the
likelihood that a particular insurance claim, or health care
claim, or employee expense claim, is fraudulent or otherwise
anomalous and worthy of further inspection.

As another example, the predictive model could be used
to generate expected values for financial transaction data for
any type of purchase decision making, i.e., predicting what
the expected value would be for a health care claim for a
particular procedure in a certain city, or the expected price
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of airfare between two cities on a particular date, or the
expected price of a hotel room in a particular city on a
particular date. These expected values could then further be
used in fraud or anomaly detection or prediction, i.e., if a
financial transaction or claim was for an amount sufficient
different than the predicted value, it may potentially be
considered fraudulent or anomalous.

As another example, the predictive model could be used
to generate likelihoods of user activities in an interactive
computer based system. For example, predicting the likeli-
hood that a user would click on a particular button on a web
page, or purchase a particular product, or click on a par-
ticular advertisement or advertising link.

The details of one or more embodiments of the subject
matter of this specification are set forth in the accompanying
drawings and the description below. Other features, aspects,
and advantages of the subject matter will become apparent
from the description, the drawings, and the claims.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 shows an example model training system.

FIG. 2 shows example feature vectors.

FIG. 3 is a flow diagram of an example process for
training a predictive model on a data set.

FIG. 4 is a flow diagram of an example process for
performing experiments to select a training strategy.

Like reference numbers and designations in the various
drawings indicate like elements.

DETAILED DESCRIPTION

FIG. 1 shows an example model training system 102. The
model training system 102 is an example of a system
implemented as one or more computer programs on one or
more computers in one or more locations, in which the
systems, components, and techniques described below can
be implemented.

The model training system 102 is coupled to a source data
processing system 120 through a data communication net-
work 112, e.g., local area network (LAN) or wide area
network (WAN), e.g., the Internet, or a combination of
networks, any of which may include wireless links. The
model training system 102 receives data from the source
data processing system 120 over the network 112 and uses
the data to train a machine learning model. In some imple-
mentations, the model training system 102 and the source
data processing system 120 are implemented on one or more
common computers.

The machine learning model is a predictive model that
receives an input, i.e., a feature vector, and predicts an
outcome based on the received input and on values of the
parameters of the model. The machine learning model is
trained using training data from a training data repository
130. The training data in the training data repository 130 are
training examples for which the desired outcome, i.e., the
outcome that should be predicted by the model, is known or
is estimated. Each example provided to a model—whether
for training or, later, for evaluation—will be referred to as a
“feature vector,” in accordance with convention, although
the data can actually be arranged, transmitted, and used in
any convenient form. Similarly, each data item in a feature
vector will be referred to as a “feature,” which has a value.
By training a model, the model training system 102 gener-
ates values of the model parameters by minimizing or
maximizing a cost function that is a measure of the perfor-
mance of the model on the training data as a function of the
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model parameters. The trained parameter values may for
convenience be referred to as “optimal” values, with the
understanding that this usage does not imply that the values
are optimal in any absolute sense.

The model training system 102 includes a controller 104
and multiple training nodes 106. The controller 104, which
may be implemented on one or more computers in one or
more locations, receives training data from the source data
processing system 120 and partitions the training data
among the training nodes 106 for use in training the pre-
dictive model. Each of the training nodes 106 runs an
instance of the predictive model and trains the instance of
the model in response to instructions received from the
controller 104. Each training node is a computing unit that
may include one or more processors, co-processors, graphics
processing units (GPUs), or cores and that operates on a
complete set of training data to generate, i.a., a set of model
parameters as a result of training.

Generally, each feature vector provided for the model is
generated by modifying a raw data instance, e.g., a data
record, of the raw training data stored in the training data
repository 130. That is, features in a given feature vector are
generated by modifying the data in one or more fields of a
corresponding raw data instance. For example, in accor-
dance with conventional practice, the fields in the raw data
instance will be transformed, e.g., the feature values may be
standardized or normalized. As another example, the data in
fields of the feature vector that do not contain numerical
values may be hashed.

Further, each numerical value in the raw data instance is
binned according to a binning strategy in order to generate
features that are included in the feature vector. An example
feature vector generated by binning numerical values in an
original raw data instance is described below with reference
to FIG. 2. Determining a binning strategy to be used for
training the predictive model is described below with ref-
erence to FIGS. 3 and 4.

In addition to features generated by binning an original
data value, the features in the feature vectors provided to the
model can optionally include values derived from two or
more data values, e.g., values that are polynomials of
normalized feature values or binned feature values up to a
small degree, e.g., one or two, and values that are a product
of two or more normalized or binned feature values.

The processing of the data to modify the raw data
instances to generate the final form of the feature vectors that
are provided to the model can be performed on the source
data processing system 120 in order to reduce the amount of
data transmitted to the model training system 102.

FIG. 2 shows example feature vectors 202, 204, and 206.
Raw feature vector 202 can be, e.g., a raw data instance from
a training data repository that has been standardized and
normalized. Raw feature vector 202 includes three fields,
each with a respective numerical value, i.e., X,, X,, and Xj.

Binned feature vector 204 is a feature vector that has been
generated from the raw feature vector 202 by binning each
of the values X,, X,, and X;, e.g., according to a binning
strategy that has been selected by a model training system.
The binning strategy includes, for each feature in the raw
feature vector 202 that has a numerical value or a value of
a type that can be categorized, a rule for determining the
number of bins that the value may potentially be binned into
and a rule for determining which values are placed into each
bin, i.e., a rule for determining bin membership.

The rule for determining bin membership can be selected
from a set of possible rules. The set of possible rules can
include, for example, a rule that selects the bins so that the
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range of values included in each bin is equal, i.e., so that
each bin has an equal size. As another example, the set of
possible rules can include a rule that selects the endpoints of
the bins based on the distribution of the values of that feature
in the data set, i.e., so that approximately the same number
of data items that are included in the data set are placed into
each bin. As another example, the set of possible rules can
include a rule that clusters values of the feature in the data
set into the bins using conventional clustering techniques,
e.g., k-means clustering. As another example, the set of
possible rules can include one or more rules that determine
bin membership based on a separate machine learning model
that estimates the membership of each value of the feature
into one of the bins.

In the illustrated example, each of the values has been
binned into two bins. For example, the field in the raw
feature vector 202 that contains the value X, has been
divided into two fields in the binned feature vector 204, and
those fields contain the values A, and A,, respectively.
However, because each field that contains a numerical value
or a value of a type that can be categorized is binned
according to a respective rule, the fields may be divided into
a different number of bins and the rule that determines how
the membership of each bin is selected may not be the same
for each field. Generally, depending on which of the bins the
value X, is placed into, one of the values out of A| and A,
will be zero and the other value will be non-zero. However,
in some cases, a given value may not be able to be placed
into one of the bins with a high enough degree of certainty
and more than one of the bins that the given value could be
placed into may be assigned a non-zero value. Additionally,
in some cases, a given value may not be placed into any of
the bins, e.g., because the system has learned that the value
is anomalous and should be ignored during training. In these
cases, the value in each bin may be zero.

The expanded binned feature vector 206 is generated from
the binned feature vector 204 by concatenating fields to the
end of the binned feature vector 204 that contain values that
are generated from two or more of the values in the binned
feature vector 204, e.g., are products of two or more of the
values from the binned feature vector 204. The expanded
feature vector 206 may be an example of a feature vector
that is provided to a predictive model, i.e., so that the
predictive model can predict an outcome based on the
expanded binned feature vector 206.

While the example feature vectors 202, 204 and 206
contain only numerical values, fields that contain non-
numerical values, e.g., a string of characters, may also be
included in the feature vectors 202, 204, and 206. In some
implementations, these non-numerical values are hashed
before being provided to the predictive model. Alternatively,
one or more of the non-numerical values may be converted
to numerical values, e.g., by converting a string of characters
into its term frequency-inverse document frequency (T-IDF)
weight. The numerical value may then optionally be binned.
Further, in some implementations, while the model is being
trained on the data set by the model training system, one or
more values that have a corresponding parameter value
whose absolute value is below a threshold value may be
removed from each expanded feature vector before the
vector is provided to the model for evaluation.

The processing necessary to generate the expanded
binned feature vector 206 from the raw feature vector 202
can be done on a source data processing system, e.g., in
response to instructions received from the model training
system that specify the binning strategy to be used in binning
raw feature vectors.
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FIG. 3 is a flow diagram of an example process 300 for
training a model. For convenience, the process 300 will be
described as being performed by a system of one or more
computers located in one or more locations. For example, a
model training system, e.g., the model training system 102
of FIG. 1, appropriately programmed in accordance with this
specification, can perform the process 300.

The system receives instructions to train a predictive
model on a data set (step 302). The data set is a set of raw
training data, e.g., raw training data in the training data
repository 130 of FIG. 1.

The system performs experiments to select a training
strategy for the data set (step 304). A training strategy
includes a binning strategy and may optionally include a
strategy for determining the makeup of the set of training
data processed during each iteration of the model training
process. A binning strategy specifies, for each of one or more
fields in the raw data vectors, a rule for the number of bins
the values in the field are divided into and a rule for selecting
the membership of each of those bins. The strategy for
determining the makeup of the set of training data includes
a rule specifying a number of feature vectors to be included
in the set of training data, a rule specifying a proportion of
new feature vectors to old feature vectors in the in the set of
training data, or both. A new feature vector is a feature
vector that has not yet been used to train the predictive
model, and an old feature vector is a feature vector that has
already been used to train the predictive model. An example
method for performing experiments to select a training
strategy is described below with reference to FIG. 4.

The system trains the model on the data set using the
selected training strategy (step 306). That is, the system
performs multiple iterations of a model training process in
order to determine optimal values of the model parameters.
Before training the model on a given feature vector, the
system can transmit instructions to a source data processing
system, e.g., the source data processing system 120 of FIG.
1, that cause the source data processing system to bin raw
feature vectors in the set of raw training data according to
the binning strategy included in the selected training strategy
before they are provided to the system. Alternatively, the
system may bin the raw feature vectors according to the
binning strategy after they are received from the source data
processing system.

If the selected training strategy includes a strategy for
determining the makeup of the set of training data, the
system trains the model using sets of training data that
conform to the strategy for determining the makeup. For
example, during training, a controller, e.g., controller 104 of
FIG. 1, can instruct training nodes, e.g., training nodes 106
of FIG. 1, to, for each iteration of the model training process
performed by the nodes, operate on a respective set of
training data that has the number of feature vectors specified
by the strategy, the proportion of new to old feature vectors
specified by the strategy, or both. In some implementations,
the proportion and the number of feature vectors may be
adjusted during training of the model, e.g., if tests performed
during training indicate that the strategy is not effective.

FIG. 4 is a flow diagram of an example process 400 for
performing experiments to select a training strategy for
training a predictive model. For convenience, the process
400 will be described as being performed by a system of one
or more computers located in one or more locations. For
example, a model training system, e.g., the model training
system 102 of FIG. 1, appropriately programmed in accor-
dance with this specification, can perform the process 400.

10

15

20

25

30

35

40

45

50

55

60

65

6

The system selects initial training strategies (step 402).
Each initial training strategy is different from each other
initial training strategy and specifies a binning strategy and
a training set makeup strategy. The initial strategies that are
chosen may be determined empirically, e.g., based on which
initial strategies have historically performed well in quickly
determining training strategies for training the model. In
some circumstances, one or more rules may be kept constant
among each of the training strategies. That is, each initial
training strategy may specify the same rule for one or more
of selecting the number of bins, selecting the membership of
each of the bins, number of feature vectors in each training
data set, and so on. In some cases, one or more of the initial
training strategies may specify that one or more numerical
features not be binned.

The system performs model training experiments (step
404). For each model training experiment, the system trains
the predictive model using a different training strategy, e.g.,
the system can perform a different model training experi-
ment using each of the initial training strategies. In some
implementations, for each experiment, the system sends
instructions to a source data processing system that cause the
source data processing system to bin raw features vectors
according to the initial training strategy and provide the
binned feature vectors to the system. Alternatively, the
system may bin the feature vectors after they are received
from the source data processing system.

To train the predictive model during an experiment, the
system performs iterations of a model training process until
convergence criteria are satisfied. For example, the conver-
gence criteria may include a specified level of performance,
e.g., a specified measure of quality of the output of the
model, a specified number of iterations, or a specified length
of time. Generally, the convergence criteria are “loose”
criteria. That is, the criteria are substantially relaxed from
the criteria used to determine convergence during actual
training of the model.

The system can perform some or all of the model training
experiments in parallel. That is, the system can perform
multiple experiments simultaneously by assigning different
training nodes to train the model using different training
strategies. In some implementations, each training node
stores the training data the training node uses to train the
model during the experiments for use in any additional
experiments that may be required.

The system identifies a best performing training strategy
based on the results of the experiments (step 406). For
example, the system can identify as the best performing
strategy the training strategy used by the experiment that
reached the specified level of performance in the shortest
amount of time or the training strategy used by the experi-
ment that had the best level of performance when the
experiment was terminated. As another example, the system
may identify the best performing strategy by testing the
models trained using each of the training strategies on small
portions of new live data, as in A/B testing.

The system determines whether specified termination
criteria are satisfied (step 408).

For example, the system may determine whether the
performance of the model is likely to improve if one or more
of: the binning strategy is adjusted, additional training data
is used, or new features are introduced. If the test indicates
that the performance of the model is not likely to improve,
the system can determine that the termination criteria are
satisfied. In order to test whether performance is likely to
improve, the system can, for example, determine whether
the times required for experiments using the best performing
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training strategies from each of a specified number of most
recent iterations of the process 400 are within a window of
pre-determined size. As another example, the system can
determine whether measures of the quality of the model at
the termination of the experiments using the best performing
training strategies from each of a specified number of most
recent iterations of the process 400 are within a window of
pre-determined size. The measure of quality of the model
can be one of, e.g., an accuracy measure, a precision
measure, a recall measure, a Receiver Operating Character-
istic (ROC) analysis, an area under the curve analysis, a gain
analysis, a cumulative gain analysis, and so on. As another
example, the system may determine that the termination
criteria are satisfied if a time allotted for performing the
training experiments has expired or if computer resources
allocated to the training experiments have been exhausted.

If the termination criteria are satisfied, the system selects
the best performing strategy for use in training the model
(step 410).

If the termination criteria are not satisfied, the system
selects new training strategies (step 412). The system selects
the new training strategies by adjusting the best performing
training strategy. That is, the system may generate a new
training strategy from the best performing strategy by modi-
fying any of: rules that determine the number of bins one or
more of the features are divided into, rules that determine
how the membership of bins for one or more of the features
are selected, a rule that determines the number of feature
vectors in each set of training data, or a rule that determines
the ratio of new to old feature vectors in each set of training
data.

The system can use any of a variety of techniques in
determining how to generate a new training strategy by
adjusting the best performing training strategy.

In one example technique for generating the new strate-
gies, the system can select new strategies from the set of
possible training strategies until each potential new strategy
has been used in a training experiment or until the termi-
nation criteria have been satisfied.

As another example, the system may select the new
training strategies from the best performing training strategy
by keeping certain ones of the rules specified by the best
performing training strategy constant among each new train-
ing strategy and varying other rules among the new training
strategies. For example, the system may incrementally
adjust one of the rules while keeping other rules constant.
The system may continue adjusting the rule until adjusting
the rule does not result in an improvement in the perfor-
mance of the model. The system may then hold that rule
constant and attempt to adjust other rules.

As another example, the system can determine how to
adjust rules for selecting the number of bins or rules for
determining membership of each of the bins based in part on
historical data that identifies binning strategies that have
been successful for training a model on similar data sets. In
determining whether or not two data sets are similar, the
system can consider one or more of whether the two data
sets contain data collected by the same entity, whether the
two data sets contain data generated by the same data source
or using the same measurement instrument, whether the
features in the two data sets have similar characteristics, e.g.,
features that are similarly sparse or dense, whether the two
data sets have similar feature vector metadata, e.g., log data
generated by a variety of web servers, or whether the two
data sets measure similar human actions, e.g., clicks on a
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link included in a web page or an online advertisement, or
whether the data sets contain similar numbers of raw feature
vectors

As another example, the system can determine how to
adjust rules for selecting the number of bins or rules for
determining the membership of the bins for a given feature
based in part on a measure of the entropy of the feature
during the training of the model that uses the best perform-
ing strategy. If the absolute value of the measure of the
entropy of the feature is greater than a threshold value, it
may be an indication that the rule for how the membership
of'the bins is selected should be adjusted for the new training
strategies. If the measure is less than or equal to the
threshold value and is positive, it may be an indication that
the number of bins for the feature should be increased. If the
measure is greater than or equal to the threshold value and
negative, it may be an indication that the number of bins for
the feature should be decreased.

As another example, when selecting the new strategies,
the system may adjust a best performing strategy from a
previous iteration of the method 400 based on rules specified
in the best performing strategy from the current iteration.
That is, even if, during an earlier iteration, the best perform-
ing training strategy included a rule that specified that each
set of training data should have a particular number of
feature vectors and the system held the particular number
constant for each new training strategy in the subsequent
iteration, the system may adjust the particular number in
subsequent iterations.

Embodiments of the subject matter and the functional
operations described in this specification can be imple-
mented in digital electronic circuitry, in tangibly-embodied
computer software or firmware, in computer hardware,
including the structures disclosed in this specification and
their structural equivalents, or in combinations of one or
more of them. Embodiments of the subject matter described
in this specification can be implemented as one or more
computer programs, i.e., one or more modules of computer
program instructions encoded on a tangible non-transitory
program carrier for execution by, or to control the operation
of, data processing apparatus. Alternatively or in addition,
the program instructions can be encoded on an artificially-
generated propagated signal, e.g., a machine-generated elec-
trical, optical, or electromagnetic signal, that is generated to
encode information for transmission to suitable receiver
apparatus for execution by a data processing apparatus. The
computer storage medium can be a machine-readable stor-
age device, a machine-readable storage substrate, a random
or serial access memory device, or a combination of one or
more of them.

The term “data processing apparatus” encompasses all
kinds of apparatus, devices, and machines for processing
data, including by way of example a programmable proces-
sor, a computer, or multiple processors or computers. The
apparatus can include special purpose logic circuitry, e.g., an
FPGA (field programmable gate array) or an ASIC (appli-
cation-specific integrated circuit). The apparatus can also
include, in addition to hardware, code that creates an execu-
tion environment for the computer program in question, e.g.,
code that constitutes processor firmware, a protocol stack, a
database management system, an operating system, or a
combination of one or more of them.

A computer program (which may also be referred to or
described as a program, software, a software application, a
module, a software module, a script, or code) can be written
in any form of programming language, including compiled
or interpreted languages, or declarative or procedural lan-
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guages, and it can be deployed in any form, including as a
stand-alone program or as a module, component, subroutine,
or other unit suitable for use in a computing environment. A
computer program may, but need not, correspond to a file in
a file system. A program can be stored in a portion of a file
that holds other programs or data, e.g., one or more scripts
stored in a markup language document, in a single file
dedicated to the program in question, or in multiple coor-
dinated files, e.g., files that store one or more modules,
sub-programs, or portions of code. A computer program can
be deployed to be executed on one computer or on multiple
computers that are located at one site or distributed across
multiple sites and interconnected by a communication net-
work.

The processes and logic flows described in this specifi-
cation can be performed by one or more programmable
computers executing one or more computer programs to
perform functions by operating on input data and generating
output. The processes and logic flows can also be performed
by, and apparatus can also be implemented as, special
purpose logic circuitry, e.g., an FPGA (field programmable
gate array) or an ASIC (application-specific integrated cir-
cuit).

Computers suitable for the execution of a computer
program include, by way of example, can be based on
general or special purpose microprocessors or both, or any
other kind of central processing unit. Generally, a central
processing unit will receive instructions and data from a
read-only memory or a random access memory or both. The
essential elements of a computer are a central processing
unit for performing or executing instructions and one or
more memory devices for storing instructions and data.
Generally, a computer will also include, or be operatively
coupled to receive data from or transfer data to, or both, one
or more mass storage devices for storing data, e.g., mag-
netic, magneto-optical disks, or optical disks. However, a
computer need not have such devices. Moreover, a computer
can be embedded in another device, e.g., a mobile telephone,
a personal digital assistant (PDA), a mobile audio or video
player, a game console, a Global Positioning System (GPS)
receiver, or a portable storage device, e.g., a universal serial
bus (USB) flash drive, to name just a few.

Computer-readable media suitable for storing computer
program instructions and data include all forms of non-
volatile memory, media and memory devices, including by
way of example semiconductor memory devices, e.g.,
EPROM, EEPROM, and flash memory devices; magnetic
disks, e.g., internal hard disks or removable disks; magneto-
optical disks; and CD-ROM and DVD-ROM disks. The
processor and the memory can be supplemented by, or
incorporated in, special purpose logic circuitry.

To provide for interaction with a user, embodiments of the
subject matter described in this specification can be imple-
mented on a computer having a display device, e.g., a CRT
(cathode ray tube) or LCD (liquid crystal display) monitor,
for displaying information to the user and a keyboard and a
pointing device, e.g., a mouse or a trackball, by which the
user can provide input to the computer. Other kinds of
devices can be used to provide for interaction with a user as
well; for example, feedback provided to the user can be any
form of sensory feedback, e.g., visual feedback, auditory
feedback, or tactile feedback; and input from the user can be
received in any form, including acoustic, speech, or tactile
input. In addition, a computer can interact with a user by
sending documents to and receiving documents from a
device that is used by the user; for example, by sending web
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pages to a web browser on a user’s client device in response
to requests received from the web browser.

Embodiments of the subject matter described in this
specification can be implemented in a computing system that
includes a back-end component, e.g., as a data server, or that
includes a middleware component, e.g., an application
server, or that includes a front-end component, e.g., a client
computer having a graphical user interface or a Web browser
through which a user can interact with an implementation of
the subject matter described in this specification, or any
combination of one or more such back-end, middleware, or
front-end components. The components of the system can be
interconnected by any form or medium of digital data
communication, e.g., a communication network. Examples
of communication networks include a local area network
(“LAN”) and a wide area network (“WAN”), e.g., the
Internet.

The computing system can include clients and servers. A
client and server are generally remote from each other and
typically interact through a communication network. The
relationship of client and server arises by virtue of computer
programs running on the respective computers and having a
client-server relationship to each other.

While this specification contains many specific imple-
mentation details, these should not be construed as limita-
tions on the scope of any invention or of what may be
claimed, but rather as descriptions of features that may be
specific to particular embodiments of particular inventions.
Certain features that are described in this specification in the
context of separate embodiments can also be implemented in
combination in a single embodiment. Conversely, various
features that are described in the context of a single embodi-
ment can also be implemented in multiple embodiments
separately or in any suitable subcombination. Moreover,
although features may be described above as acting in
certain combinations and even initially claimed as such, one
or more features from a claimed combination can in some
cases be excised from the combination, and the claimed
combination may be directed to a subcombination or varia-
tion of a subcombination.

Similarly, while operations are depicted in the drawings in
a particular order, this should not be understood as requiring
that such operations be performed in the particular order
shown or in sequential order, or that all illustrated operations
be performed, to achieve desirable results. In certain cir-
cumstances, multitasking and parallel processing may be
advantageous. Moreover, the separation of various system
modules and components in the embodiments described
above should not be understood as requiring such separation
in all embodiments, and it should be understood that the
described program components and systems can generally
be integrated together in a single software product or pack-
aged into multiple software products.

Particular embodiments of the subject matter have been
described. Other embodiments are within the scope of the
following claims. For example, the actions recited in the
claims can be performed in a different order and still achieve
desirable results. As one example, the processes depicted in
the accompanying figures do not necessarily require the
particular order shown, or sequential order, to achieve
desirable results. In certain implementations, multitasking
and parallel processing may be advantageous.

What is claimed is:
1. A method performed by one or more computers, the
method comprising:
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receiving instructions to train a predictive model on a
particular data set, wherein the particular data set
includes a plurality of raw feature vectors;
performing experiments to select a training strategy for
use in training the predictive model on the particular
data set, wherein the selected training strategy includes
a binning strategy for binning the raw feature vectors
before the raw feature vectors are provided to the
predictive model, and wherein performing experiments
comprises:
selecting a plurality of training strategies, wherein each
of the plurality of training strategies includes a
respective binning strategy;

performing a respective training experiment for each of
the plurality of training strategies by training the
model using the training strategy;

identifying a best performing training strategy from the
plurality of training strategies based on results of the
respective training experiments for each of the plu-
rality of training strategies; and

generating a first new training strategy from the best
performing training strategy by adjusting the binning
strategy included in the best performing training
strategy based on a measure of entropy of one or
more features during the training of the model using
the best performing training strategy, comprising, for
a particular feature in the raw feature vectors, deter-
mining whether to decrease a number of bins for the
particular feature based on an absolute value of a
measure of entropy of the particular feature during
the training of the model using the best performing
training strategy; and

training the predictive model on the particular data set
using the selected training strategy.

2. The method of claim 1, wherein performing experi-

ments further comprises:

determining that termination criteria are not satisfied after
performing the respective training experiment for each
of the plurality of training strategies;

in response to determining that the termination criteria are
not satisfied, generating one or more new training
strategies including the first new training strategy based
on the best performing training strategy; and

performing a respective training experiment for each of
the new training strategies by training the model using
the new training strategy.

3. The method of claim 2, wherein performing experi-

ments further comprises:

identifying a best performing new training strategy;

determining that the termination criteria are satisfied; and

selecting the best performing new training strategy as the
training strategy for use in training the predictive model
on the particular data set.

4. The method of claim 2, wherein generating new train-
ing strategies based on the best performing training strategy
comprises adjusting the best performing training strategy
based on historical data that identifies binning strategies that
have previously been successful for training predictive mod-
els on data sets similar to the particular data set.

5. The method of claim 2, wherein generating new train-
ing strategies based on the best performing training strategy
comprises keeping one or more rules specified by the best
performing training strategy constant among each new train-
ing strategy and varying other rules among the new training
strategies.
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6. The method of claim 1, wherein the selected training
strategy includes a strategy for determining a makeup of sets
of training data to be used to train the predictive model.

7. The method of claim 6, wherein the strategy for
determining the makeup includes a rule for determining a
number of feature vectors to be included in each set and a
rule for determining a ratio of new feature vectors to old
feature vectors to be included in each set.

8. The method of claim 1, wherein:

the plurality of raw feature vectors comprises vectors

representing completed financial product transactions
including transaction prices; and

the predictive model is a model predicting a next trans-

action price or a next transaction price direction for one
or more financial products.

9. The method of claim 1, wherein:

the plurality of raw feature vectors comprises vectors

representing completed credit card transactions or debit
card transactions or both; and

the predictive model is a model classifying particular

transactions as likely being anomalous or not.

10. The method of claim 1, wherein:

the plurality of raw feature vectors comprises vectors

representing financial claims processing transactions;
and

the predictive model is a model classifying particular

transactions as likely being anomalous or not.

11. The method of claim 1, wherein:

the plurality of raw feature vectors comprises vectors

representing prices for products or services or both at
particular times or places or both; and

the predictive model is a model predicting prices for

products or services or both in particular places or on
particular dates or both.

12. The method of claim 1, wherein:

the plurality of raw feature vectors comprises vectors

representing purchase transactions representing pur-
chases of products or services or both and including
respective prices paid for the products or services or
both; and

the predictive model is a model predicting prices for

products or services in particular places or on particular
dates or both.

13. The method of claim 12, wherein:

the predictive model is further a model classifying par-

ticular prices for particular products or services as
likely being anomalous or not.

14. The method of claim 13, wherein:

the predictive model is further a model classifying par-

ticular prices for particular products or services as
likely being fraudulent or not.

15. The method of claim 1, wherein:

the plurality of raw feature vectors comprises vectors

representing user actions on an interactive computer-
based system; and

the predictive model is a model predicting user actions on

the interactive computer-based system.

16. The method of claim 1, wherein adjusting the binning
strategy included in the best performing training strategy
based on a measure of entropy of one or more features
during the training of the model using the new training
strategy comprises, for the particular feature:

when the absolute value of the measure of entropy of the

particular feature during the training of the model using
the new training strategy is greater than a threshold
value, adjusting a rule for how a membership of the
bins for the particular feature is determined;
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when the absolute value of the measure of entropy of the
particular feature is less than or equal to the threshold
value and the measure of entropy of the particular
feature is positive, increasing the number of bins for the
particular feature; and

when the absolute value of the measure of entropy of the

particular feature is less than or equal to the threshold
value and the measure of entropy of the particular
feature is negative, decreasing the number of bins for
the particular feature.

17. The method of claim 1,

wherein performing a respective training experiment for

each of the plurality of training strategies by training
the model using the training strategy comprises training
the model using the training strategy until experiment
convergence criteria are satisfied,

wherein training the model on the particular data set using

the selected training strategy comprises training the
model on the particular data set using the selected
training strategy until actual training convergence cri-
teria are satisfied, and

wherein the experiment convergence criteria are relaxed

from the actual training convergence criteria.

18. A system comprising one or more computers and one
or more storage devices storing instructions that are oper-
able, when executed by the one or more computers, to cause
the one or more computers to perform operations compris-
ing:

receiving instructions to train a predictive model on a

particular data set, wherein the particular data set

includes a plurality of raw feature vectors;

performing experiments to select a training strategy for

use in training the predictive model on the particular

data set, wherein the selected training strategy includes

a binning strategy for binning the raw feature vectors

before the raw feature vectors are provided to the

predictive model, and wherein performing experiments

comprises:

selecting a plurality of training strategies, wherein each
of the plurality of training strategies includes a
respective binning strategy;

performing a respective training experiment for each of
the plurality of training strategies by training the
model using the training strategy;

identifying a best performing training strategy from the
plurality of training strategies based on results of the
respective training experiments for each of the plu-
rality of training strategies; and

generating a first new training strategy from the best
performing training strategy by adjusting the binning
strategy included in the best performing training
strategy based on a measure of entropy of one or
more features during the training of the model using
the best performing training strategy, comprising, for
a particular feature in the raw feature vectors, deter-
mining whether to decrease a number of bins for the
particular feature based on an absolute value of the
measure of entropy of the particular feature during
the training of the model using the best performing
training strategy; and

training the predictive model on the particular data set

using the selected training strategy.

19. The system of claim 18, wherein performing experi-
ments further comprises:

determining that termination criteria are not satisfied after

performing the respective training experiment for each
of the plurality of training strategies;
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in response to determining that the termination criteria are
not satisfied, generating one or more new training
strategies including the first new training strategy based
on the best performing training strategy; and

performing a respective training experiment for each of
the new training strategies by training the model using
the new training strategy.

20. The system of claim 19, wherein performing experi-
ments further comprises:

identifying a best performing new training strategy;

determining that the termination criteria are satisfied; and

selecting the best performing new training strategy as the
training strategy for use in training the predictive model
on the particular data set.

21. The system of claim 19, wherein generating new
training strategies based on the best performing training
strategy comprises adjusting the best performing training
strategy based on historical data that identifies binning
strategies that have previously been successful for training
predictive models on data sets similar to the particular data
set.

22. The system of claim 19, wherein generating new
training strategies based on the best performing training
strategy comprises keeping one or more rules specified by
the best performing training strategy constant among each
new training strategy and varying other rules among the new
training strategies.

23. The system of claim 19, wherein determining that
termination criteria are not satisfied comprises determining
that a performance of the model is likely to improve if one
or more of: the binning strategy from the best performing
training strategy is adjusted, additional training data is used,
or new features are introduced.

24. A non-transitory computer storage medium encoded
with instructions that, when executed by one or more
computers, cause the one or more computers to perform
operations comprising:

receiving instructions to train a predictive model on a

particular data set, wherein the particular data set

includes a plurality of raw feature vectors;

performing experiments to select a training strategy for

use in training the predictive model on the particular

data set, wherein the selected training strategy includes

a binning strategy for binning the raw feature vectors

before the raw feature vectors are provided to the

predictive model, and wherein performing experiments

comprises:

selecting a plurality of training strategies, wherein each
of the plurality of training strategies includes a
respective binning strategy;

performing a respective training experiment for each of
the plurality of training strategies by training the
model using the training strategy;

identifying a best performing training strategy from the
plurality of training strategies based on results of the
respective training experiments for each of the plu-
rality of training strategies; and

generating a first new training strategy from the best
performing training strategy by adjusting the binning
strategy included in the best performing training
strategy based on a measure of entropy of one or
more features during the training of the model using
the best performing training strategy, comprising, for
a particular feature in the raw feature vectors, deter-
mining whether to decrease a number of bins for the
particular feature based on an absolute value of the
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measure of entropy of the particular feature during
the training of the model using the best performing
training strategy; and

training the predictive model on the particular data set

using the selected training strategy.

25. The non-transitory computer storage medium of claim
24,

wherein performing experiments further comprises:

determining that termination criteria are not satisfied after

performing the respective training experiment for each
of the plurality of training strategies;
in response to determining that the termination criteria are
not satisfied, generating one or more new training
strategies including the first new training strategy based
on the best performing training strategy; and

performing a respective training experiment for each of
the new training strategies by training the model using
the new training strategy.

26. The non-transitory computer storage medium of claim
25, wherein performing experiments further comprises:

identifying a best performing new training strategy;

determining that the termination criteria are satisfied; and

selecting the best performing new training strategy as the
training strategy for use in training the predictive model
on the particular data set.

27. The non-transitory computer storage medium of claim
25, wherein generating new training strategies based on the
best performing training strategy comprises adjusting the
best performing training strategy based on historical data
that identifies binning strategies that have previously been
successful for training predictive models on data sets similar
to the particular data set.

28. The non-transitory computer storage medium of claim
25, wherein generating new training strategies based on the
best performing training strategy comprises keeping one or
more rules specified by the best performing training strategy
constant among each new training strategy and varying other
rules among the new training strategies.

29. A system comprising one or more computers and one
or more storage devices storing instructions that are oper-
able, when executed by the one or more computers, to cause
the one or more computers to perform operations compris-
ing:

receiving instructions to train a predictive model on a

particular data set, wherein the particular data set

includes a plurality of raw feature vectors;

performing experiments to select a training strategy for

use in training the predictive model on the particular

data set, wherein the selected training strategy includes

a binning strategy for binning the raw feature vectors

before the raw feature vectors are provided to the

predictive model, and wherein performing experiments

comprises:

selecting a plurality of training strategies, wherein each
selected training strategy includes a respective bin-
ning strategy;

performing a respective training experiment for each of
the plurality of training strategies by training the
predictive model using the training strategy until
experiment convergence criteria are satisfied;

identifying a best performing training strategy from the
plurality of training strategies based on results of the
respective training experiments for each of the plu-
rality of training strategies;

determining that termination criteria for performing
experiments are not satisfied after performing the
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respective training experiment for each of the plu-
rality of training strategies;
in response to determining that the termination criteria
are not satisfied:
generating one or more new training strategies based
on the best performing training strategy, compris-
ing generating a first new training strategy by
adjusting a binning strategy from the best per-
forming training strategy based on a measure of
entropy of one or more features during the training
of the model using the best performing training
strategy, comprising, for a particular feature in the
raw feature vectors, determining whether to
decrease a number of bins for the particular fea-
ture based on an absolute value of the measure of
entropy of the particular feature during the train-
ing of the model using the best performing train-
ing strategy; and
performing a respective training experiment for each
of the new strategies by training the model using
the new training strategy until the experiment
convergence criteria are satisfied; and
training the predictive model on the particular data set
using the selected training strategy until actual training
convergence criteria are satisfied, wherein the experi-
ment convergence criteria are relaxed from the actual
training convergence criteria.
30. A method performed by one or more computers, the
method comprising:
receiving instructions to train a predictive model on a
particular data set, wherein the particular data set
includes a plurality of raw feature vectors;
performing experiments on a plurality of training strate-
gies and based on the experiments selecting a training
strategy for use in training the predictive model on the
particular data set,
wherein each training strategy of the plurality of train-
ing strategies includes a respective binning strategy
for binning the raw feature vectors before the raw
feature vectors are provided to the predictive model,
wherein each binning strategy includes, for each of a
plurality of features of the raw feature vectors, a first
rule for determining a number of bins for the feature
and a second rule for determining membership of
each of the bins for the feature,
wherein the respective binning strategy of each of the
plurality of training strategies has a different first
rule, a different second rule, or both from the respec-
tive binning strategy of each other training strategy
of the plurality of training strategies, and
wherein performing the experiments comprises:
selecting a plurality of training strategies, wherein
each of the plurality of training strategies includes
a respective binning strategy;
performing a respective training experiment for each
of the plurality of training strategies by training
the model using the training strategy;
identifying a best performing training strategy from
the plurality of training strategies based on results
of the respective training experiments for each of
the plurality of training strategies; and
generating a first new training strategy from the best
performing training strategy by adjusting the bin-
ning strategy included in the best performing
training strategy based on a measure of entropy of
one or more features during the training of the
model using the best performing training strategy,
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comprising, for a particular feature in the raw

feature vectors, determining whether to decrease a

number of bins for the particular feature based on

an absolute value of a measure of entropy of the

particular feature during the training of the model 5

using the best performing training strategy; and
training the predictive model on the particular data set

using the selected training strategy.
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